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H B mREXABEPRPAIEROEAL 2 RBEOTHERF TV EARFALBLERAFTRAAGETRZHR, FrX
EENABHAAA AR ER AP BERBATEEI N PREG AR IBZFERNGR AR TLLE KFELR &
RBEE T AR REAENNER R ARG ER SR, AN AAR AR ENETIREP AR R RS EZG A,
ABIKHFEREZMR T EEA B ERAKENTFENRL  RET AL TEHLEHO EIRELZBRER RoGCN-ATT, Z
AL A E ) RoBERTa-wwm-ext-large ¥ XL TR 4 AL A VE 2 5 5] 4 35 5%, 25 4 BILSTM K IR £ F 5 6945 U415 8, 48 A A A B A AR
P 25 AR R IR AR A B I B A AT R A S LA IR AL, AR BIEE L FL A 78.56% .5 ¢
Ayt £ A RoOGCN-ATT AR T Eh X AR, AR AR B MERE ARET A 6 LHF.

K FRX Z2II B B R L AR A 6) k5512 & AR5 M AR IR

FESES TP391

Chinese Geological Entity Relation Extraction Based on ROBERTa and Weighted Graph
Convolutional Networks

ZHANG Lu,DUAN Youxiang, LIU Juan and LU Yuxi

College of Computer Science and Technology,China University of Petroleum(East China) , Qingdao, Shandong 266580, China

Abstract Knowledge is the cornerstone of big data and artificial intelligence. Knowledge graphs offer interpretability and sca-
lability advantages, making them crucial in intelligent systems. Intelligent decision has urgent application demand in various
fields, providing decision support and application scenarios for knowledge graphs based on data analysis and reasoning. However,
constructing and applying knowledge graphs face challenges due to complex domain scenarios, multi-source data,and extensive
knowledge dimensions. To address the problem of incomplete domain knowledge patterns during geological domain knowledge
graph construction and the limitations of existing entity relationship extraction methods in dealing with non-Euclidean data, a
graph structure-based entity relationship extraction model RoGCN-ATT is proposed. This model utilizes RoOBERTa-wwm-ext-
large,a Chinese pre-trained model,as the sequence encoder combined with BiLSTM to capture richer semantic information. It also
employs weighted graph convolutional networks along with attention mechanisms to capture structural dependency information
and enhance the extraction performance of relation triplets. Experimental results show that the F1 value reaches 78. 56 % on the
geological dataset. Compared with other models; ROGCN-ATT effectively improves the entity-relationship extraction performance
and provides strong support for the construction and application of geological knowledge maps.

Keywords Entity relation extraction,Graph convolutional networks,Dependency parsing, Attention mechanism,Geology domain
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Fig. 1 Framework of ROGCN-ATT model
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Fig. 2 Example of dependency parsing
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Table 1 Partition of geological dataset representation

7%k % & i & hAF &
T % 5410 2214 4417
4] 1993 512 596
fr & 2893 2296 1591
BT 4174 1127 948
i 34 20 84
k- 483 18 11
other 4037 1648 1350

4.2 RWIIE

AL R 55 A% 19 AH DG BE & O« GeForce RTX3060
K,BAE N 12 GB; 355 N Python3. 9, 8 % S HESE y Py-
torchl. 11.0,

e A SCA AR L U5 RoBERTa i 3C Tl
YIRS e 3¢ st 5 45308 A AT ) TR A A TR I
GloVe Ml Shen %5050 $ 416 (1 24 2 5 A} 3] 1i) 5 2048 #1 4 fk 4] 7

H B pos #X AR ner ik AR, BRAN, kT 3RS 245 B E
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B A PR HE bR . BARS B B IR 2 frdl,

*2 MBEOLHE

Table 2 Hyperparameter settings

%% R
RoBERTa embedding % # 768
BiLSTM % & %4 100
WGCN £ # 1
WGCN [ & & 4 % 200
Batch & /) 50
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FRF 0.9
epochs 150
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Table 3 Comparative experimental results
[€79)
#A Precision Recall F1
BiILSTM 55.35 57.43 56.37
PCNN+ATT 61.56 65.52 63.48
C-GCN 64.69 62.51 64.29
BERT-BILSTM-CRF 76.55 73.88 75.65
HtERT 77.20 74.87 76.02
RoGCN-ATT 79.85 76. 05 78.56
1.3.2 HEREBRERSMN
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GloVe Fl RoBERTa mf 3C Bl Il £ 455 8 1) #5230 80 R * L
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Table 4 Results of ablation experiment
[€79)
A Precision Recall F1
RoGCN-ATT 79.85 76. 05 78.56
-Stanza 64.60 66.71 65.27
GloVe 73.36 76.05 74.22
-no-ATT 78.05 74.32 76.78
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T 0 41 T A5 R 01 S AR O R il IBCPE BB L (8 HL T i 3 T e S 45
3ok, [R) Aot AT LA AR 2R 12 A AR . P R At 450358 14 T REE

2 % x o

[1] LIC,LIU D,ZHOU D,et al. Application and Prospect of Artifi-

cial Intelligence in the Field of Geology[]]. Bulletin of Mineralo-

2]

(3]

[4]

[5]

[6]

[7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

gy, Petrology and Geochemistry,2022,41(3):668-677.

MA R X. Research on Key Technologies of Knowledge Graph
Construction in Chinese Medical Field[ D]. Hangzhou: Zhejiang
University.2023.

LI X, GAO R, QIN H.et al. EINE: Relation Classification by
Enhancing the Impact of Non-Entity words[ C]// Proceedings of
the 2022 5th International Conference on Machine Learning and
Natural Language Processing. 2022 :68-73.

GUO Q,SUN Y. LIU G,et al. Constructing Chinese historical
literature knowledge graph based on BERT[C]// Web Informa-
tion Systems and Applications: 18th International Conference,
WISA 2021, Kaifeng,China, September 24-26,2021, Proceedings
18. Springer International Publishing,2021:323-334.

HUANG S B,SUN X W,LI R S. Relation Classification Me-
thod Based on Cross-sentence Contextual Information for Neural
Network[ ] ]. Computer Science,2022,49(S1):119-124.
EBERTS M, ULGES A. An End-to-end Model for Entity-level
Relation Extraction using Multi-instance Learning [ C] // Pro-
ceedings of the 16th Conference of the European Chapter of the
Association for Computational Linguistics: Main Volume. 2021
3650-3660.

LI Z,FU L. A Relation-Aware Span-Level Transformer Net-
work for Joint Entity and Relation Extraction[ C]// 2022 Inter-
national Joint Conference on Neural Networks(IJCNN). IEEE,
2022:1-8.

LI H. HOU S L, TONG Q. et al. Entity Relation Extraction
Method in Weapon Field Based on DCNN and GLU[]]. Com-
puter Science,2023,50(6A):220200112-7.

YU X S.LIL Y.ZHOU ] L,et al. AM FRel: A method for joint
extraction of entity relations in Chinese electronic medical re-
cords[ J]. Journal of Chongqing University of Technology(Natu-
ral Science) ,2024,38(2):189-197.

ZHANG J L,ZHANG Y F,WANG M Q,et al. Joint extraction
of Chinese entity relations based on graph convolutional neural
network[ J ]. Computer Engineering,2021,47(12):103-111.

CUI Y,CHE W,LIU T,et al. Revisiting PreTrained Models for
Chinese Natural Language Processing[ C]// Findings of the As-
sociation for Computational Linguistics: EMNLP 2020. 2020
657-668.

ZHANG S, ZHENG D, HU X, et al. Bidirectional long short-
term memory networks for relation classification[ C] // Procee-
dings of the 29th Pacific Asia Conference on Language,Informa-
tion and Computation. 2015:73-78.

KUMAR S. A survey of deep learning methods for relation ex-
traction[ J . arXiv:1705. 03645,2017.

ZENG D, LIU K,LAI S,et al. Relation classification via convo-
lutional deep neural network [ C] // Proceedings of COLING
2014 ,the 25th International Conference on Computational Lin-
guistics: Technical Papers. 2014 :2335-2344.

TAKASE S,OKAZAKI N,INUI K. Modeling semantic compo-
sitionality of relational patterns[]]. Engineering Applications of
Artificial Intelligence,2016,50:256-264.

NASAR Z,JAFFRY S W,MALIK M K. Named entit-y recogni-

tion and relation extraction: State-of-the-art[ ] ]. ACM Compu-



55 BT RoBERTa HIINAL 18] 45 BRI 2 f Hh SCHb 5T S 445G 22 Sl TR

303

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

ting Surveys(CSUR) .2021,54(1) :1-39.

LEI X,SONG W,FAN R,et al. Semi-supervised geological disa-
sters named entity recognition using few labeled datal[ J]. Geo-
Informatica,2023,27:263-288.

FAN R,WANG L.YAN J,et al. Deep learning-based named en-
tity recognition and knowledge graph construction for geological
hazards[ ] ]. ISPRS International Journal of Geo-Information.
2019,9(1) :1-22.

LUO X,ZHOU W, WANG W, et al. Attention-based relation
extraction with bidirectional gated recurrent unit and highway
network in the analysis of geological data[ J]. IEEE Access,
2017,6:5705-5715.

HUANG X S,ZHU Y Q,FU L J,et al. Research on a geological
entity relation extraction model for gold mine based on BERT
[J7. Journal of Geomechanics,2021,27(3) :391-399.

CHEN Z L, YUAN F, LI X H,et al. Based on BERT-BILSTM-
CRF model the named entity and relation joint extration of Chi-
nese lithological description corpus [ J]. Geological Review,
2022,68(2) :742-750.

WANG Z G, WEN H Y,LU Q,et al. Joint extraction of open
entity relation in geological field[]J]. Computer Engineering and
Design,2021,42(4) :996-1005.

WU X Y,DUAN Y X,CHANG L J,et al. Research on entity
and relation joint extraction for geological domain[J]. Computer
Engineering,2023,49(3):121-127.

BUNESCU R, MOONEY R. A shortest path dependency kernel
for relation extraction[ C] // Proceedings of Human Language
Technology Conference and Conference on Empirical Methods in
Natural Language Processing. 2005:724-731.

CAI R,ZHANG X, WANG H. Bidirectional recurrent convolu-
tional neural network for relation classification[ C] // Procee-
dings of the 54th Annual Meeting of the Association for Compu-
tational Linguistics( Volume 1:Long Papers). 2016:756-765.
HENDRICKX I.,KIM S N,KOZAREVA Z.et
2010 Task 8:Multi-Way Classification of Semantic Relations be-

al. SemEval-

tween Pairs of Nominals[ C] // Proceedings of the 5th Interna-
tional Workshop on Semantic Evaluation. 2010:33-38.

ZHANG Y.QlI P,MANNING C D.Graph Convolution over
Pruned Dependency Trees Improves Relation Extraction
[C]// Proceedings of the 2018 Conference on Empirical Methods
in Natural Language Processing. 2018:2205-2215.

YU B, MENGGE X, ZHANG Z, et al. Learning to prune de-
pendency trees with rethinking for neural relation extraction
[C]//Proceedings of the 28th International Conference on Com-
putational Linguistics. 2020:3842-3852.

HONG Y,LIU Y,YANG S.et al. Improving graph convolu-
tional networks based on relation-aware attention for end-to-end
relation extraction[ J]. IEEE Access,2020,8:51315-51323.
TIAN Y.CHEN G.SONG Y,et al. Dependency-driven relation
extraction with attentive graph convolutional networks[ C] //
Proceedings of the 59th Annual Meeting of the Association for
Computational Linguistics and the 11th International Joint Con-
ference on Natural Language Processing ( Volume 1: Long Pa-

pers). 2021:4458-4471.

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

ZHOU H,XU Y,YAO W,et al. Global context enhanced graph
convolutional networks for document-level relation extraction
[C]// Proceedings of the 28th International Conference on Com-
putational Linguistics. 2020:5259-5270.

DUANJ Y, YANG X, WANG H.,et al. Document-level Relation
Extraction of Graph Attention Convolutional Network Based on
Inter-sentence Information [ J ]. Computer Science, 2023,
50(S1):220800189-6.

ZHAO K,XU H,CHENG Y,et al. Representation iterative fu-
sion based on heterogeneous graph neural network for joint enti-
ty and relation extraction[ ] ]. Knowledge-Based Systems, 2021,
219:106888.

ZHOU L,WANG T,QU H,et al. A weighted GCN with logical
adjacency matrix for relation extraction[ M/ ECAI 2020. 10S
Press,2020:2314-2321.

PENNINGTON J,SOCHER R, MANNING C D. Glove: Global
vectors for word representation[ C] // Proceedings of the 2014
Conference on Empirical Methods in Natural Language Proces-
sing(EMNLP). 2014 :1532-1543.

LI S,ZHAO Z,HU R, et al. Analogical Reasoning on Chinese
Morphological and Semantic Relations[ C] // Proceedings of the
56th Annual Meeting of the Association for Computational Lin-
guistics(Volume 2:Short Papers). 2018:138-143.

HE H.CHOI J D. The Stem Cell Hypothesis: Dilemma behind
Multi-Task Learning with Transformer Encoders[ C] // Procee-
dings of the 2021 Conference on Empirical Methods in Natural
Language Processing. 2021:5555-5577.

LIN Y,SHEN S, LIU Z, et al. Neural relation extraction with
selective attention over instances[ C] // Proceedings of the 54th
Annual Meeting of the Association for Computational Linguis-
tics(Volume 1:Long Papers). 2016.:2124-2133.

MANDYA A.BOLLEGALA D,COENEN F. Graph Convolu-
tion over Multiple Dependency Subgraphs for Relation Extrac-
tion[ C] // COLING. International Committee on Computational
Linguistics. 2020:6424-6435.

QI P,ZHANG Y,ZHANG Y,et al. Stanza: A Python Natural
Language Processing Toolkit for Many Human Languages
[C]//Proceedings of the 58th Annual Meeting of the Associa-
tion for Computational Linguistics: System Demonstrations.

2020:101-108.

H«é@ <«

ZHANG Lu, born in 1999, postgra-

duate, is a member of CCF ( No.
11760G). Her main research interests
include knowledge graph, relation ex-

traction,and so on.

DUAN Youxiang, born in 1964, Ph.D,
professor, is a member of CCF (No.
05290S). His main research interests

include network and service computing,

the application of computer technology

in oil and gas field,and so on.

(BT 2 3 - W 8D



